Estimated Ricardian models have been criticized because they rely on mean temperatures and do not explicitly include extreme temperatures. This paper uses a cross sectional approach to compare a standard quadratic Ricardian model of mean temperature with a fully flexible daily temperature bin model of farmland values in the Eastern United States. The flexible bin model leads to smaller damages from warming than the quadratic mean specification, but the difference is not statistically significant. Although weather panel studies find high temperature events lead to large annual damage, high temperature events have no harmful effect on farmland values. The results are robust to alternative model specifications and data sets.
Introduction
Several studies suggest there is a temperature threshold effect on agricultural productivity. Schlenker, Hanemann, and Fisher (2006) use a Ricardian analysis with a measure of extreme temperature to show that temperatures above 34°C cause farmland values to fall precipitously. Schlenker and Roberts (2009) use a panel weather approach to show that annual yields of corn, soybeans and cotton fall sharply when temperatures exceed 29°C, 30°C and 32°C respectively. These papers imply that a Ricardian model of mean temperatures would underestimate the threat from climate change because such a model does not explicitly include the effect of extreme temperatures. This paper uses farmland values in the Eastern United States to test the hypothesis that high extreme temperatures would harm farmland values. The paper compares the results of a Ricardian model using a quadratic representation of mean growing season temperature with a temperature bin model that explicitly accounts for the full distribution of temperatures at each site. The hypothesis is that farms exposed to high extreme temperatures would have markedly lower farmland value. A model that explicitly accounted for hot extreme temperatures would lead to larger impacts from warming. The paper tests whether the impacts of the bin model are greater than the impacts of the model based on mean temperature. The paper also tests whether the warmest temperature bins exhibit evidence of a threshold.
We perform a number of robustness checks. We present our main results using climate data from the North America Regional Reanalysis (NARR) (Mesinger et al. 2006 ) but we also test our main results using climate data from Schlenker and Roberts (2009) . We also estimate a two-season model that separates April-May-June temperatures from July-August-September temperatures. The results are robust to alternative data sets and model specifications.
The temperature bin model suggests a noisy hill-shaped relationship between temperature and farmland values. The quadratic model predicts warming is strictly harmful in the Eastern US. When warming scenarios are tested against these two functional forms, the quadratic mean specification predicts larger welfare losses than the flexible bin model, although the difference is not statistically significant. There is no additional harm associated with including the full distribution of temperatures in the Ricardian model.
3
The flexible functional form does not reveal a high temperature threshold. Land values have a hillshaped relationship with temperature. However, very cold temperatures have no effect in the bin model. One possible explanation of this result is subsidized crop insurance. Another possibility is a mistaken assumption in the literature that growing seasons are fixed. Farmers in cold places tend to plant later than farmers in warmer locations. The coldest temperatures in the data set appear to be in April and apply to farms in the north that are fallow, which explains why they have no effect. A third possibility is that farmers facing extreme temperatures have adapted, and rely on livestock in places where crops would be vulnerable.
The next section of the paper reviews the methodology to measure climate effects. Section 3 examines the climate data in more detail. Section 4 displays the results. The paper concludes with a discussion of the limitations of the research, the main conclusions, and the policy implications.
Methodology
We build on previous Ricardian studies and regress the log of land value per hectare at time t for county i ( on climate and control variables (Mendelsohn, Nordhaus, and Shaw 1994, Massetti and Mendelsohn 2011a) . We specifically follow the Schlenker, Hanemann, and Fisher (2006) model and use a second order polynomial (quadratic) model of temperature and precipitation during the growing season:
(1)
Where T i and P i are mean temperature and precipitations from April to September, between 1979 and 2007, a period that spans our Census data. is a set of socio-economic variables that vary over time,
including time fixed effects, is a set of county geographic and soil characteristics that are fixed over time, is a state fixed effect, and is assumed to be a random component. , , , , and are estimated coefficients. We use a logarithmic transformation of land values as the dependent variable because they are log-normally distributed and because it is sensible that variables have a proportional rather than a linear effect (Schlenker, Hanemann and Fisher, 2006 
Where TB i,j is the number of days in each temperature bin j in the growing season between 1979 and 2007. Otherwise, (2) is identical to (1).
We also uses a two season model (April-May-June and July-August-September) to test whether temperature has the same effect in the spring and summer (Massetti, Mendelsohn, and Chonabayashi 2016) with the flexible functional form.
We estimate (1) and (2) using a weighted pooled OLS with data from six Census years (1987, 1992, 1997, 2002, 2007, and 2012) . We weight each observation using the inverse of farmland in each county (Deschênes and Greenstone 2007). As county-level unobserved characteristics are likely correlated over neighboring counties and beyond the state boundaries, throughout the paper we present standard errors corrected for spatial correlation over a maximum range of 500 km. We also control for within county serial correlation over a maximum of two preceding Census years (10 years). 1 The coefficients in model (2) estimate the semi-elasticity of land values to the substitution of one day of temperature at the temperature level in bin j. The 18-20 °C temperature bin, which captures the mean temperature of the growing season in the sample is assumed to be the reference bin. We then estimate the relative coefficient for each other observed bin. For example, if the coefficient for the bin between 27-29 °C in the daily regression is equal to 0.01, it suggests that substituting a day at 19 °C with a day at 28 °C reduces land values by 1%.
The advantage of using bins is that one can observe the consequence of either extremely cold or extremely warm temperatures without any restriction on the functional form. The most extreme temperature bins, however, are limited by the observations. Throughout the paper we use the rule that each bin must have at least 1% of the total temperature observations, with each observation weighted using the average amount of farmland over the study period. The first and the last temperature bins are open-ended and include all temperature observations at the tail of the distribution.
We simulate non-marginal impacts of warming on land values using uniform warming scenarios from +1 °C to + 5 °C with respect to the temperature climatologies used to estimate the model. For the temperature bins model we extrapolate the effect of warming beyond the hottest bin using a linear trend fitted between the omitted bin and the hottest bin. We follow Duan et al. (1983) 
Data
We begin the analysis with results from the North American Regional Reanalysis (NARR) climate data set, 5 a high-resolution extension of the NOAA National Centers for Environmental Prediction (NCEP) Global Reanalysis (Mesinger et al. 2006 ). However, we subsequently present results from other climate data as robustness check. We use 2 meter air temperature data, the standard weather measurement in the literature. Data is available at 3 hour time steps from 1979 to 2014 over a 0.3 x 0.3 degrees grid, about 32 x 32 km at 40° of latitude north. NARR uses observations from weather stations, satellites and other measurement instruments. Observations are used to initialize weather forecast models that generate a larger set of variables using the initial constraints and the laws of physics.
We start from grid level raw 3-hour data and we compute average daily (24-hour) temperatures. We then count the number of days in each temperature bin of width 3°C from April 1 st to September 30 th in each year from 1979 to 2007. We determine the bins at county level by averaging all the bins from all the climate model grid cells that fall within a county. For the few counties that do not have any grid cell falling within their borders we interpolate bins from the four closest grid cells, with weights inversely proportional to distance. We finally calculate the 1979-2007 climatologies, from the first year in which NARR data is available to the last year of the panel, by averaging over all years. We proceed analogously for rainfall.
We also replicate the results using daily and monthly temperature bins using the data set used by Schlenker and Roberts (2009) (SR). 6 The SR dataset has a high-resolution daily minimum and maximum temperature over the entire US (approximately 5 x 5 km at 40° of latitude north). We calculate daily mean temperatures by averaging daily minimum and maximum temperature. Monthly average temperatures are calculated as the average of the daily mean temperatures. We calculate temperature bins at county level using the same method used for NARR data.
We use the balanced panel of agricultural data built by Mendelsohn (2011a, 2011b) and updated by Massetti, Mendelsohn, and Chonabayashi (2016) using US Agricultural Census data for 1982, 1987, 1992, 1997, 2002 and 2007 Massetti, Mendelsohn, and Chonabayashi (2016) for a thorough comparison of these and other climate datasets. 7 per capita, population density, population density squared, residential house price index. We also control for a set of geographic, time invariant characteristics at counties centroids: latitude, elevation, and distance from major metropolitan areas. We use USGS data to estimate the average annual surface and ground water use per hectare of farmland during 1982-2007. Finally, we control for some important soil characteristics: salinity, percentage of soil subject to flooding, percentage of land with low drainage, soil erodibility, average slope length factor, percentage of sand and of clay, minimum available water capacity, and permeability. In our main specification we use soil characteristics data from the USDA National Resources Inventory (NRI) (Nusser and Goebel 1997) and we test our main results by using soil data from the Harmonized World Soil Database (HWSD). 7 We include 2,410 counties out of the 2,471 counties east of the 100 th meridian. The few counties left outside of the analysis are predominantly metropolitan counties for which some data is missing. We cover more than 99% of agricultural land east of the 100 th meridian. Further details on the data used and summary statistics for all the variables used in this study are available in the Appendix. We then introduce the bin model using the complete distribution of daily temperatures. The results in According to the bin model, the optimal temperature range during the growing season lies between 12-21 C. Temperatures above 21 C are harmful as are temperatures of 6-12 C. The daily results suggest that temperature has a hill-shaped effect on farmland values, suggesting that farmland value is vulnerable to hot temperatures but especially to cool temperatures.
Results
Interestingly, very cold temperatures below 6 °C have no significant effect. This may be due to the assumption in this literature that the growing season is the same for farms in both cold and warm climates. The coldest temperatures happen in April in the colder climates of the sample. Many farmers in these colder climates have not yet planted and so these coldest temperatures have no effect. We show later in the results that this neutral effect of low temperatures is specific to the north. An alternative explanation of the neutral effect of cold temperatures may be due to grazing land and not cropland as also discussed later in the results.
Note that there is no indication of a sudden drop-off in farmland values as temperatures rise to their highest observed level in the data set. There appears to be no threshold effect. Even if yields dramatically fall in years with high temperatures (Schlenker and Roberts 2009), farmland values do not exhibit a dramatic downturn in counties with extreme temperatures. It could be that these low return years happen infrequently enough that they do not affect farmland value. It is also possible that crop insurance eliminates their impact on net revenue.
One practical disadvantage of the bin models is that the effect of extreme bins cannot be measured if they have few observations. In Figure 2 , for example, the warmest bin shown contains all temperatures above 30°C. The effects of temperature in the 30-33°C bin cannot be distinguished from the effects of temperature in the 33-36°C bin because there are not enough observations to estimate the effect of this last bin. Using a linear trend from the omitted 18-20 °C bin to the last estimated bin to predict the impact of the next missing bin is one way to estimate impacts. Alternatively, one could use the effect of all the observations above 30°C. A similar procedure can be instituted for the cold side.
Errore. L'origine riferimento non è stata trovata. displays the impact of large uniform changes in temperature using both the traditional and bin models. In both the mean growing season model and the temperature bins models, the aggregate impact of higher temperatures on Eastern United States farms appears to be strictly harmful and linear. The average temperature model predicts slightly larger impacts than the bin model. Including the full distribution of temperatures leads to smaller damage estimates.
The difference however, is not quite significant at the 5% level.
There are several possible explanations for the smaller effects predicted by the bin model. The bin model predicts that warming of cold temperatures is beneficial whereas the mean temperature model treats this effect as harmful. The bin model also predicts that high temperatures have a milder effect than the mean temperature model. As the daily temperature distributions at almost all sites are skewed 14 the same sample of farms from the Eastern United States. The results suggest that farmland value reacts differently to the mean growing season temperature versus the distribution of temperatures within the growing season. Higher mean growing season temperatures appear to be harmful in this data set of eastern American farms. In contrast, farmland value has a hill-shaped relationship in the bin model with the full temperature distribution. The full distribution of temperature in the flexible functional form model suggests that farmland value is a little more sensitive to cooler temperatures than warmer temperatures.
Applying these models to uniform warming scenarios reveals that Eastern US farmland has damages that increase linearly with temperature at about 7% per °C. The mean growing season model predicts slightly higher damages than the flexible temperature bin model, although the difference is not significant at the 5% level.
It is useful to compare this temperature effect with the expected effect of carbon dioxide fertilization. If CO 2 levels double, laboratory tests suggest productivity increases on average about 30% whereas field experiments suggest gains of about 15% (Long et al. 2006 , Leakey et al. 2009 ). Despite some uncertainty on the actual effect of carbon fertilization, there is growing evidence that it will likely compensate for a 2 °C temperature warming from today (Rosenzweig et al. 2014 ) and may even lead to higher farmland values in the Eastern United States.
A limitation of the analysis above is that it assumes prices remain constant. This would depend upon how global food supply changes relative to how global food demand changes. Higher prices would give farmers higher net revenues. This would encourage farmers to produce more. But higher prices would shift some of the welfare effect from farmers to consumers. Another important factor to keep in mind is that the climate sensitivity of the Western United States is different from the Eastern United States (citation). The results do not apply to the whole country.
The paper nonetheless raises a paradox. Why do farmland values remain relatively robust to high temperatures if yields are predicted to fall dramatically at high temperatures? One possibility is that the high temperatures are only rare weather events. The expected value of these events is modest despite the high damage when they occur. Another possibility is that farmers have learned to adapt to high temperatures with sparing use of crops that are likely to fail in high temperature locations. Finally, another possibility is that public crop insurance is compensating farmers whenever they have lower 15 yields from poor weather. So high and low temperatures would not affect farmland value even if they do affect annual yields.
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Appendix Data
We have constructed a balanced panel with observations for 2,410 out of the 2,471 counties east of the 100th meridian, covering 99% of agricultural land, over the years 1982, 1987, 1992, 1997, 2002 and 2007 1987, 1992, 1997, 2002 and 2007. 
Climate data
Temperature and precipitations Temperature and precipitation data is obtained processing the North 
Agriculture data
Farmland value Estimated value of land and buildings, USD per hectare of farmland. Data source is the Agricultural Census. We divided the amount of water used at county level for years 1985, 1990, 1995, 2000, 2005 by the amount of farmland in that county in census years 1987, 1992, 1997, 2002 and 2007, respectively, and we computed the time average of surface water use per hectare of land. We used this variable as a proxy for surface and ground water availability at county level for all time observations of our panel.
Socio-economic data
Income per capita Per capita personal income, measured in thousands of $; Bureau of Economic Analysis, Regional Economic Accounts, table CA1-3.
Population density Population from the Bureau of Economic Analysis, Regional Economic Accounts, 
Soil characteristics NRI dataset
Soil data is from the National Resources Inventory (NRI), developed by the United States Department of Agriculture, years 1992 and 1997 (Nusser and Goebel 1997; NRI 2000) . The NRI is a longitudinal sample survey of natural resource conditions and trends on non-Federal land in the United States based upon Natural Resources Conservation Service (NRCS). We consider soil samples classified as: cultivated 20 cropland, noncultivated cropland, pastureland and rangeland. We calculate a sample area weighted average of soil characteristics from all samples that fall within a county. In some cases we reclassify qualitative soil characteristics into numeric indicators, as detailed below.
Salinity Percentage of agricultural land that has salinity sodium problems.
Flooding Percentage of agricultural land occasionally or frequently prone to flooding.
Wet factor Percentage of agricultural land that has very low drainage (poor and very poor).
k factor Average soil erodibility factor. It is the average soil loss, measured in tons/hectare. The k factor is a measure of the susceptibility of soil particles to detachment and transport by rainfall and runoff.
Slope length Average slope length factor, measured in meters. Slope length is the distance from the point of origin of overland flow to the point where either the slope gradient decreases enough that deposition begins, or the runoff water enters a well-defined channel that may be part of a drainage network or a constructed channel. For the NRI, length of slope is taken through the sample point.
Sand Percentage of agricultural land classified as sand or coarse-textured soils.
Clay Percentage of agricultural land that is classified as clay.
Moisture level Minimum value for the range of available water capacity for the soil layer or horizon.
Available water capacity is the volume of water retained in 1 cm3 of whole soil between 1/3-bar and 15bar tension. It is reported as cm of water per centimeters of soil.
Permeability The minimum value for the range in permeability rate for the soil layer or horizon, expressed as centimeters/hour. 
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